[1] In our warming climate there is a general expectation that the variability of precipitation (P) will increase at daily, monthly and inter-annual timescales. Here we analyse observations of monthly P (1940-2009) over the global land surface using a new theoretical framework that can distinguish changes in global P variance between space and time. We report a near-zero temporal trend in global mean P. Unexpectedly we found a reduction in global land P variance over space and time that was due to a redistribution, where, on average, the dry became wetter while wet became drier. Changes in the P variance were not related to variations in temperature. Instead, the largest changes in P variance were generally found in regions having the largest aerosol emissions. Our results combined with recent modelling studies lead us to speculate that aerosol loading has played a key role in changing the variability of P.
Introduction
[2] In many instances, e.g., agricultural and natural ecosystems, and for water resources planning, changes in the variability (or upper/lower extremes) of precipitation (P) (e.g., floods and droughts) over the land surface can be as important as changes in the mean [Easterling et al., 2000a [Easterling et al., , 2000b Rodríguez-Iturbe and Porporato, 2004; Porporato et al., 2004] . With global warming, climate models project increased P variability in most regions at daily [O'Gorman and Schneider, 2009] , monthly [Benestad, 2006] and interannual [Boer, 2009; Held and Soden, 2006; Rind et al., 1989; Wetherald, 2010] timescales. Expectations are for P extremes in storm events to increase with the saturation vapour pressure in the atmosphere ($7% K À1 ) [Trenberth et al., 2003] . Energetic constraints limit the increase of global P ($2% K À1 ) [Allen and Ingram, 2002] so that the mean time interval between successive storms is also expected to increase [Trenberth et al., 2003] by $5% K
À1 . An increase in P extremes in storm events due to warming is relevant over short time scales (minutes-hours) and relates directly to the occurrence of floods [Allan and Soden, 2008; O'Gorman and Schneider, 2009] . However, care is needed before applying that logic to the longer periods (monthsyears) of relevance to droughts since relative changes in the dry period length would be small. For example, Chicago's mean annual P (910 mm) falls in $660 hours leaving dry the remaining 8100 hours [Eagleson, 2002] . If it fell in 5% less time the dry period length would increase by $0.4% (=0.05 Â 660/8100). Even halving the total duration of storms and thereby doubling the average storm intensity would still only increase the dry period by 4%. Hence, a change in the total storm duration does not provide guidance on changes in longer term P variability on time scales relevant to droughts.
[3] Long-term spatial databases at monthly resolution are available to evaluate changes in P variability on timescales relevant to droughts. In terms of generic expectations we note that P cannot be less than zero and the simplest model is for local-scale variability in P to increase (decrease) with increases (decreases) in the local-scale mean P [Groisman et al., 1999; Rind et al., 1989] . Observations over the past 50 years show little variation in global mean P [Huffman et al., 2009] for periods longer than the turnover time of water in the atmosphere ($10 days). Hence, over monthly (and longer timescales), any increase in P in a given region must have been roughly balanced by decreases elsewhere such that the global P remained near constant. Thus, when expressed in terms of precipitation the "wet get wetter and dry get drier" idea [Chou et al., 2007; Trenberth, 2011; Held and Soden 2006] can be interpreted to imply an increase in the temporal variance in wet regions (since P is supposed to increase there) coupled with a decrease in dry regions (since P is supposed to decrease there) that could balance leaving little overall temporal change in P variability. However, such local changes also require a redistribution of P and in the wet-get-wetter dry-get-drier scenario there would also be an accompanying increase in the spatial variance. The key point is that any analysis technique that only examines the changes over time at individual grid-boxes will ignore this spatial component and therefore ignore a potentially important change in the overall climate.
[4] Inspired by the analysis of variance method [von Storch and Zwiers, 1999; Wilks, 2011] , we recently developed a general approach that partitions the overall variance, called the grand variance, into separate spatial and temporal components [Sun et al., 2010] . This new approach can be applied to any space-time database and does not require assumptions about the independence of the data. (See the mathematical derivation in Sun et al. [2010] .) Here we use the same gridded databases that are already in widespread use. For each decade, we first lump space and time to form one empirical distribution and calculate the grand variance. Following that we separately calculate the temporal variance of each grid-box and also calculate the spatial variance across all grid-boxes. The innovation is that the method describes how the separate spatial and temporal components are added to equal the grand variance. This new procedure has the advantage that the sources of variation, whether through space, or through time, can be disentangled [Sun et al., 2010] . Here we use that technique to examine changes in P variability in long-term monthly observations.
[5] Data on oceanic P are currently only available from 1979 [Huffman et al., 2009; Xie and Arkin, 1997] with many unresolved issues in their use for trend analysis [Yin et al., 2004] (see Section S1 in Text S1 in the auxiliary material).
1 However, the critical impacts of changes in P variability (agriculture, water resources) occur over land. We use global land-based (2.5 Â 2.5 ) observations in seven monthly databases: GPCC(1901 GPCC( -2009 [Rudolf and Schneider, 2005] , CRU [Mitchell and Jones, 2005] , GPCP(1979 GPCP( -2008 [Huffman et al., 2009 ], CMAP (1979 -2008 [Xie and Arkin, 1997] , the database compiled by Dai et al. [1997 Dai et al. [ ] (1920 Dai et al. [ -1995 , GHCN (1940 GHCN ( -2009 Â 5 ) [Peterson and Vose, 1997] , and VASClimO [Rudolf and Schneider, 2005 ] (1951 -2000 (see Section S1.1 in Text S1). The VASClimO database used a mostly fixed number of P measurement stations over time [Rudolf and Schneider, 2005] ( Figure S6a in Text S1) and we adopted that as a reference. To further minimise interpolation problems (see Section S1.3 in Text S1) we use the GPCC metadata to define a spatial mask (fixed over the entire period, Figure S6b in Text S1) by those grid-boxes having at least one measurement site for 90% of the months over the 1951-2000 (VASClimO) period. We also tested other spatial masks using more stringent criteria but the same conclusions held (see 
Results
[6] We find that m g has a near-zero trend (Figure 1a with 1/3 due to a decline in the spatial component (À11.9) and 2/3 due to the temporal component (À22.8) (Table S2 in Text S1). Further, the decline in the temporal component of s g 2 is almost entirely due to a decline in the intra-annual component (i.e., seasonal cycle, Figure S13d in Text S1) with only a small residual change in the inter-annual component ( Figure S13e in Text S1). The decrease in intraannual variance could seem counter to an earlier report that the difference between wet and dry season precipitation has increased in the tropics for 1979-2005 [Chou et al., 2007] . Over that shorter period we also find an increase in the intraannual component (Figures S12b and S13b and Table S4 in Text S1). However, over the full 1940-2009 period, the overall trend in s g 2 remains one of decline ( Figure 1b and Table S2 in Text S1). The trend in the temporal component of s g 2 shows a complex spatial pattern of change ( Figure 1e ) and regions with increasing mean P (Figure 1d ) tend to show increasing P variance (Figure 1e ) and vice-versa ( Figure S14 in Text S1). However, that simple relation does not adequately explain the overall global result because s g 2 decreases whilst m g has a near-zero trend (Figures 1a and 1b and Table S2 in Text S1).
[7] The unexpected results prompt the question -what has changed in the P frequency distribution? To address that we develop a generalised space-time probability distribution for P that is related to the sequence of wet and zero-P months. In the monthly (gridded) observations, P rarely equals zero, although it can be close. We define the zero-P using a threshold, P 0 . When P > P 0 the month is classified as wet, and the wet month frequency (f w (P)) follows the gamma distribution [Eagleson, 2002; Groisman et al., 1999; Karl et al., 1995; Rodríguez-Iturbe and Porporato, 2004; Thom, 1958; Tsonis, 1996; Porporato et al. 2004] 
with a the shape parameter controlling the relative contribution from light versus heavy P ( Figure S15a in Text S1), G(a) the factorial gamma function and b (mm month À1 ) the scale parameter that mostly controls the frequency at the upper P extremes ( Figure S15b in Text S1). For zero-P months we use the uniform distribution,
The mixture distribution is defined by f(P) = (1 À w) f d (P) + wf w (P) (see Section S2.1 in Text S1), where w (range 0-1) is the number of wet months expressed as a fraction of the total number of months. The mean and variance of the mixture distribution are m = (1 À w)m d + w m w and s 2 = (1 À w)s d 2 + ws w 2 + w(1 À w)(m w À m d ) 2 respectively [Wilks, 2011] . When combined with the definition (equation (1)), the grand mean is
and the grand variance is
The approximations in equation (2) arise since P 0 is close to, but not exactly, zero. We derived distributions by systematically varying the threshold P 0 between 1 to 2 mm month À1 . In all cases, the results were nearly identical and we set the threshold P 0 to be 1 mm month À1 (see Section S2.3 in Text S1). The observations follow the mixture distribution (Figure 2 and Figures S16 and S17 in Text S1). [8] For detection purposes we derive differentials (per equation (2)) for changes in the distribution over successive decades (equations (S6)-(S9) and Section S2.2 in Text S1). First, there is little change in w (Figure 3a) . Second, because of the near zero-trend in both w and m g (Figure 3b ), the observed increase in a must be balanced by an equal and opposite relative decrease in b (Figures 3a and 3b) . s g 2 is twice as sensitive to the same relative change in b compared to a (equation (S9) in Text S1) and therefore declines (Figure 3c ).
[9] The results ( Figure 3a) imply a redistribution where P is taken from wet regions/months (db < 0) and delivered to dry regions/months (da > 0) ( Figure S15c in Text S1). The latitudinal distribution of the observed trend (Figure 4a ) and climatology (Figure 4b ) are negatively related because P increased in drier zones (e.g., 40
-90 N, 20 -40 S) at the expense of wetter zones (e.g., 0-20 N). That relation is clearer when the trend in P (1940-2009) for each month (in a given grid-box) is grouped into P classes (Figure 4d ) and the land area (Figure 4f ) is used to adjust the trend to a volumetric basis (Figure 4e ). The key result (Figure 4e) shows that P was, on average, removed from relatively wetter regions/months (P > 100 mm month À1 ) with nearly all of that delivered to relatively dry regions/months (P < 100 mm month À1 ). Those results confirm that, on average, dry regions/months became wetter and wet regions/ months became drier over the 1940-2009 period. This conclusion holds in all available databases and also holds for 1940-1999 ( Figures S18-S24 in Text S1). 
Discussion
[10] Early work before the advent of global monthly databases reported increases in monthly P variability over much of North America, Europe and Australia [Tsonis, 1996] and we found the same pattern (Figure 1e ). However, global databases are now available and they reveal many other regions that show decreased P variability (Figure 1e ). The changes reported here in the (monthly) temporal variance (Figure 1e ), that are dominated by the change in the intra-annual variance, reinforce earlier regional studies on changes in daily P extremes including increases over much of North America, Europe [Karl et al., 1995; Min et al., 2011] , southeastern Brazil [Teixeira and Satyamurty, 2011] and South Africa [Easterling et al., 2000a [Easterling et al., , 2000b New et al., 2006] alongside declines over many parts of Russia, China [Karl et al., 1995; Min et al., 2011] and Thailand [Easterling et al., 2000a [Easterling et al., , 2000b with mixed trends in equatorial Africa [Easterling et al., 2000a [Easterling et al., , 2000b New et al., 2006] and India [Ghosh et al., 2011; Goswami et al., 2006] . Importantly, these patterns show no relationship to local ( Figure S25 in Text S1) or global changes in temperature (Figure 1b) . When integrated there has been little change in global mean P over land but with a tendency for dry regions/months to become wetter and wet regions/ months to become drier (Figure 4e ). This result is robust in all databases examined (Figures S18-S24 in Text S1). If anything, these results constitute a slight decline in meteorological drought over the last 70 years.
[11] Recent climate modelling suggests that P extremes and/or variance tend to increase with [CO 2 ] [O' Gorman and Schneider, 2009; Wetherald, 2010] but tend to decrease with aerosols [Chen et al., 2011; Ming and Ramaswamy, 2011] . Hence a combination of well-mixed greenhouse gases and spatially inhomogeneous aerosols could change local and hemispheric circulations and lead to novel regional impacts [Bollasina et al., 2011; Rotstayn and Lohmann, 2002] . In that respect there is a striking spatial correspondence between the largest changes in P variability (Figure 1e ) and the location of aerosol emissions [Ramanathan and Feng, 2009] . This correspondence coupled with modelling studies [Bollasina et al., 2011; Chen et al., 2011; Ming and ) are fitted by the mixture (uniform-gamma) distribution. The relative frequency of wet months (w) is determined from observations using a threshold (P 0 = 1 mm month À1 ) and the shape (a) and scaling (b) parameter values (see equation (1)) are estimated using two different methods (maximum likelihood and moments). Empirical estimates of extremes (P 0.99 , P 0.999 ) are indicated.
Ramaswamy, 2011; Rotstayn and Lohmann, 2002] leads us to speculate that fully accounting for the observed P variability documented here will require intensive investigations to separate the impacts of aerosols and greenhouse gases from natural variability. 1940 -2009 distribution of (a) trend in P, (b) climatological mean P and (c) the representative land area (grey denotes the total land area while orange denotes the spatial mask). Local (monthly for each grid-box) trend in P in dimensions of (d) depth (+ denotes a grid-box, line denotes the mean for each 50 mm month À1 P class), (e) volume (using liquid water equivalent) weighted by (f) the area of the land mask.
